Developing a System Architecture for Cyclist Violation Prediction Models Incorporating Naturalistic Cycling Data  by Jahangiri, Arash et al.
2351-9789 © 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of AHFE Conference
doi: 10.1016/j.promfg.2015.07.724 
 Procedia Manufacturing  3 ( 2015 )  5543 – 5550 
Available online at www.sciencedirect.com 
ScienceDirect
6th International Conference on Applied Human Factors and Ergonomics (AHFE 2015) and the 
Affiliated Conferences, AHFE 2015 
Developing a system architecture for cyclist violation prediction 
models incorporating naturalistic cycling data 
Arash Jahangiri, Hesham A. Rakha*, Thomas A. Dingus 
Virginia Tech Transportation Institute, 3500 Transportation Research Plaza, Blacksburg, VA 24061, USA  
Abstract 
More than 40% of crashes that involve bicycles have occurred at intersections. According to the FARS database, an average of 
more than 30% of cyclist fatalities occurred at intersections from 2008 to 2012. Furthermore, up to 16% of bicycle-related 
crashes resulted from cyclist violations (i.e. bicyclists ride out at signalized or sign-controlled intersections). Not only has bicycle 
safety at intersections been a serious issue, but also the growing number of bicycle commuters makes the problem even more 
important. For example from 2000 to 2011, bicycle commuting rates in the US increased by 80% in large Bicycle Friendly Cities 
(BFCs), by 32% in non-BFCs, and overall by 47%. Moreover, improving bicycle safety should be considered more seriously to 
promote sustainable and eco-friendly modes of transport. For several different reasons (e.g. inattention, distraction, etc.), cyclists 
fail to obey traffic rules at both signalized and sign-controlled intersections. Hence the problem is how to prevent/mitigate these 
intersection-related crashes that involve bicycles. Failures to comply need to be identified before they occur so actions can be 
taken to alleviate the consequences. The focus of this paper is to present a system architecture that incorporates naturalistic 
cycling data to develop cyclist violation prediction models at intersections. 
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1. Introduction 
Crash data from 2005 to 2009 in North Carolina showed that 43.5 percent of the crashes that involved bicyclists 
occurred at intersections [1]. Similarly, from an older (early 1990’s) but more comprehensive (Data from six US 
states) study, almost half of the bicycle-motor vehicle crashes took place at intersections [2]. This research was a 
Federal Highway Administration (FHWA) research study that was conducted by the University of North Carolina 
Highway Safety Research Center. The data set used in this study was a sample of crash data obtained from six US 
states. Moreover, according to the FARS database, average of more than 30% of cyclists’ fatalities have occurred at 
intersections during the past 5 years (2008-20012). More specifically, the following crash types were recognized for 
the bicycle related crashes that occurred at intersections as shown in table 1 [1, 3]. 
Table 1. Bicycle Crash Types at intersections 
Crash Type NC state (2005-2009) Six US states (early 1990’s) 
Motorist drive out : Sign-Controlled Intersection 10.4% 9.3% 
Bicyclist ride out : Sign-Controlled Intersection 6.6% 9.7% 
Bicyclist ride out : Signalized Intersection 3.9% 7.1% 
Motorist drive out: Signalized Intersection 2.8% 2% 
 
As demonstrated by statistics, bicycle safety at intersections has been a serious issue. Further, the growing 
number of bicycle commuters makes the problem even more important; from 2000 to 2011, bicycle commuting rates 
in the US increased: by 80 percent in large Bicycle Friendly Cities (BFCs), by 32 percent in non-BFCs, and by the 
national average of 47 percent [4]. In addition, more attention should be given to enhancing bicycle safety to 
promote sustainable and eco-friendly modes of travel. For several different reasons (e.g. inattention, distraction, 
etc.), drivers and cyclists clearly fail to obey traffic rules at both signalized and sign-controlled intersections. Hence 
the problem is how to prevent/mitigate these intersection-related crashes that involves bicycles. The failure to 
comply need to be identified before they occur so actions can be taken to alleviate the consequences. 
The remainder of the paper is organized as follows: first, past efforts on bicycle safety at intersections are 
reviewed. Then, the naturalistic cycling data collection method is presented along with the data analysis approach. 
Subsequently, the system architecture for developing cyclist violation prediction models is presented, and finally, 
conclusion and future work are presented. 
2. Background 
Only a few number of studies focused on the bicycle safety at intersections in the past; they can be categorized 
into two main parts: (1) examining countermeasures (2) investigating contributing factors. 
2.1. Examining countermeasures 
In limited number of studies, a strategy was examined in order to reduce/mitigate crashes involving bicycles at 
intersections. Phillips et al. [5] took 57 hours of video data at a Norwegian road–cycle path intersection to examine 
the effects of a cycle path. Yielding and conflict events were assessed 2 months, 4 years and 10 years following the 
introduction of the path, which resulted in a significant decrease in overall conflict levels after 4 years and further 
decrease after 10 years. Zhang and Wu [6] evaluated the impact of having a sunshield for cyclists at the intersection 
was evaluated at two sites across the city of Hangzhou, China. This was an observational study in which two video 
cameras were used to examine the crossing behavior of cyclists; 2477 riders were captured from the video 
recordings. Logistic regression and analysis of variance were applied to understand how the sunshield as a factor 
influenced red light running behavior. It was found that the red light infringement was reduced when having the 
sunshield both on sunny and cloudy days with the positive effect larger on sunny weather compared to the cloudy 
weather. As another example, the impact of a regulation change on bicycle safety was evaluated using video 
recording data. The videos were obtained before and after the regulation was imposed [7]. 
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2.2. Investigating contributing factors 
Contributing factors have been evaluated through analysis of three different kinds of data as presented below. 
2.2.1. Naturalistic data 
In naturalistic data collections, video cameras are used unobtrusively to capture users’ behavior, there is no 
experimenter, and no special instructions are given to the participants (if study needs participants). As a result, 
realistic behaviors of users are obtained [8]. Limited research has been conducted using naturalistic cycling data in 
the literature. Two naturalistic data collection methods have been used to study bicycle safety: (1) Collecting data 
through unobtrusive video cameras installed at infrastructure, and (2) Collecting data through instrumented bicycles. 
However, the results from the first approach cannot be generalized as the data collected in this approach are from 
certain locations and thus any conclusion might be case specific. In the studies in which the second approach was 
adopted, the data collection methods did not particularly target the cyclist violation behavior at intersections. 
Consequently, it appears that no sufficient data were collected to investigate these violations. In the present research, 
the second approach (i.e. data collection using instrumented bicycles) was adopted to ensure enough data can be 
collected; first, the potential participants were pre-screened to understand their weekly trip patterns by bicycles, and 
second, only those who ran through many intersections were recruited to run the experiment. 
2.2.1.1. Collecting data through unobtrusive video cameras installed at infrastructure 
Johnson et al. [9] used video cameras at 10 locations throughout metropolitan Melbourne, Australia, for about 7 
months to capture cyclists’ behavior at intersections. They captured the crossing behavior of 4225 cyclists who 
faced the red light, of which 6.9% violated the red light. A single binary logistic regression analysis model was used 
for data analysis; the main predictive factor was found to be the direction of travel, turning left (in Australia, traffic 
travels on the left-side). Moreover, it was more likely that a cyclist violates when no other road user was present. 
Wu et al. [10] used video cameras at three signalized intersections in China to study the red light running 
behavior of two-wheelers; a total of 541 observations were captured of which 222 were e-bike riders and 229 were 
cyclists. Crossing  behavior of the cyclists was  classified  into  three  distinct  groups:  law-obeying  (49%) cyclists 
who would  stop  by  obeying  the  red  light,  risk-taking  (28%) cyclists who would  ignore  the  red  light  and  
travel  through  the  intersection  without  stopping  (but  may  slow  down), and  opportunistic  (23%) cyclists who 
would  first  wait  at  red  lights  but  would  not be patient enough  to  wait until the green light and  subsequently  
cross  the  intersection  as they would find gaps between crossing traffic. By applying logistic regression method, 
they found that age was a significant factor; the young and middle-aged riders were more likely to run against the 
red light than the old. Moreover, the following conditions increased the violation probability: when the rider was 
alone, when there were fewer riders waiting, and when there were riders already violating the red light [10].  
Johnson et al. [11] captured 5,420 cyclists through video cameras at two intersections, of which the morning and 
afternoon red light violation rate were 3% and 11%, respectively. Similar to [10], three behavior types were 
recognized: (1) the “racers” who encountered an amber light, accelerated, but failed to pass before the light turns to 
red (25%), (2) the “impatients” who initially stopped, but then could not wait until the end of red phase (33%), and 
(3) the “runners” who rode through the red phase without stopping (42%). It was found that males are more likely 
than females to run against the red light and most of these male violators fell into the “runners” category. 
Pai and Jou [12] installed video cameras at selected intersections in Taiwan to observe cyclists’ behavior. using a 
mixed logit model, the following factors were found to increase the crash probability: intersections  with  short  red-
light  duration, T/Y  intersections,  when  riders  were  pupils  in  uniform,  when  riders  were  riding  electric  
bicycles, and  when riders  did not use helmet. They adopted the cyclist behavior classifications as defined in [10], 
Out of 11,410 regular riders, 4.7% had risk-taking, 9.5% had opportunistic, and the rest (85.8%) had law-obeying 
behavior. 
2.2.1.2. Collecting data through instrumented bicycles 
Inspired by the 100 car study [13], Integrated Vehicle Based Safety System (IVBSS) [14], and euroFOT [15], 
Dozza et al. [16], [17] conducted a naturalistic bicycle study. The instrumented bicycles used in the study were 
equipped with several sensors including two cameras, a GPS, a 3-axis accelerometer, a 3-axis gyroscope, and a 3-
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axis magnetometer, two pressure brake sensors, and a speed sensor. The criteria to participate were: age between 25 
and 70, ride more than 40 minutes per day on weekdays, bicycle is the transportation mode they used for 
commuting, and the participant were asked not to carry children on the bicycle during the experiment. They 
designed and installed a human machine interface on the handlebar so the cyclist could record the time of critical 
events (e.g. near-crashes and crashes) through a push button. It was shown how naturalistic data can be used to 
understand cycling behavior and bicycle dynamics. However, using a push button by the participant may negatively 
impact the naturalistic way of collecting data. 
Johnson et al. [18] conducted a naturalistic bicycle study in Melbourne, Australia using techniques from the 100 
car study [13]. The criteria for recruiting participants were: age over 18, regularly commuted (by cycling) to and 
from work, rode the majority (70%) of trips on the paved roads during commutes, could collect 12 hours of data 
over 4 weeks. It was found that: the most frequent event type was sideswipe (40.7%), the most events took place at 
an intersection/intersection-related location (70.3%), and the driver was the violator in the majority of events 
(87.0%) [18]. The data used in this study was limited to the video recordings and other sensors such as or Global 
Positioning System (GPS) and accelerometer were not adopted and thus analysis of kinematic information was not 
feasible. 
Gustafsson and Archer [19] recruited 16 commuter cyclists to ride on 17 different major cycle routes for a 
bicycle study. Participants were required to ride the major part of their trips during morning (07:00 - 09:00) and 
afternoon (16:00 - 18:00) peak hours. Bicycles were equipped with GPS and cameras (installed on the handlebar) 
from which date, timestamp, GPS coordinates, speed, and video recordings were obtained. Hard-braking, swerving 
or acceleration to avoid a collision were considered to recognize safety problems for which important factors were 
identified such as: involvement of other road users, the event location, the responsible part, as well as the frequency 
of the events. Total of 220 safety problems, that included conflicting interactions such as Cycle-Car or Cycle-Bus 
interactions and other problems such as construction work or design of facility, were identified. However, no 
violations at intersections were mentioned in their paper. Their results showed that the most unsafe cycle-car 
conflicts took place at intersections and also lack of consideration from the drivers to the cyclists. Since each trip 
included several stops at traffic lights and other locations, participants were given strict instructions to obey traffic 
rules so the delays at intersections were counted. Nevertheless, this has a negative effect on the participants’ natural 
crossing behavior at intersections where they occasionally may violate the red light or stop signs. 
2.2.2. Police reported data 
Schepers et al. [20] classified Bicycle-Motor Vehicle (BMV) crashes of the police reported data into two 
categories based on who had priority: (1) type I crashes in which the cyclist had the priority, and (2) type II crashes 
in which the motorist had the priority. The focus of their study was on investigating the relationship between crashes 
and road factors. Results from negative binomial regression models showed that more crashes of type I was seen at 
intersections with two-way bicycle tracks, well-marked, and reddish colored bicycle crossings. Also, presence of 
raised bicycle crossings (e.g. speed hump) and other speed reducing measures were associated with less crashes of 
type I. Further, intersections with cycle track approaches deflected between 2 and 5 meters away from the main road 
corresponded to less crashes of type I. However, there were no road factors significantly affecting cashes of type II. 
Martínez-Ruiz et al. [21] analyzed 19,007 collisions between a bicycle and another vehicle using police reported 
crash data in Spain. In these collisions, only one of the parties (the driver or the cyclist) violated the traffic law. 
Results from logistic regression and multinomial regression analyses showed that age  from 10  to  19  years,  male  
gender,  alcohol  or  drug  consumption,  and  non-helmet  use increased the probability of crashes. 
2.2.3. Surveys and interviews 
Lacherez et al. [22] carried out a survey study in which 184 cyclists from Australia who had been involved in 
motor vehicle crashes were asked about visibility factors affecting bicyclist-motor-vehicle crashes. While the main 
focus of their paper was on the perceived cause of the collision, ambient weather and general visibility, as well as 
the clothing and bicycle lights used by the bicyclist, the most common sites in which the crashes took place were 
identified; sign-controlled intersections and signalized intersections were found to be the third (~17%) and fourth 
(~9%) common crash sites. Although the crash location information can also be obtained through other methods of 
data collection (e.g. police reported data), survey studies are beneficial as the public opinion and risk perceptions 
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can reveal important information. For instance, it was found that the cyclist underrated visibility aids as a mean of 
improving traffic safety. In another study, Johnson et al. [23] surveyed 2061 Australian cyclists regarding 
behavioral, attitudinal and traffic factors contributing to red light infringement. A total of 37.3% reported they had 
violated a red light. Results from a multinomial logistic regression model showed that males are more likely to run 
through a red light and the old are less likely to violate the light. The following reasons were obtained from 
participants for riding against a red light: turning left (32%), which is consistent with the results from their other 
work [9]; inductive  loop  detector failed to detect their bike (24.2%); absence of other road users (16.6%); at  a  
pedestrian  crossing  (10.7%);  and  “Other” (16.5%) [23]. 
2.2.4. Important factors 
As found by different studies, red light infringement rates can be very different in different locations (7-9% in 
Melbourne [9], 56% in China [23], 21% in Taiwan [12], and self-reported rate of 38.4% in Brazil [9]). Even in the 
same country, riders may be more prone to run against a red light at an intersection compared to another intersection 
(e.g. large cities vs. small towns). Other important factors affecting cyclists’ crossing behavior at intersections are as 
follows: Age [10, 12, 21, 23]; Gender [10, 11, 21, 23]; Direction of travel [9, 23]; Presence of other road users [9, 
10, 23]; Signal timing [12]; Intersection type [12]; Helmet use [12, 21]; Detector failure [23]; Design characteristics 
[20]; and Consumption alcohol  or  drug  [21]. 
3. Data collection and analysis 
3.1. Cycling naturalistic data collection system 
Virginia Tech Transportation Institute (VTTI) is recognized as a pioneer in adopting naturalistic data collection 
by conducting the “100 car study” performed by Dingus et al. [13]. Typically, in a naturalistic data collection, 
passenger cars (or other modes of transport) are instrumented with a data acquisition system (DAS) and no special 
instruction is given to the drivers. Focusing on bicycles, VTTI has developed a smaller DAS (compared to the ones 
used in the “100 car study”) as shown in Fig. 1, known as Mini-DAS that has capabilities similar to the DAS used 
for passenger cars. The mini-DAS includes two cameras; one for capturing the forward roadway scene and the other 
captures the rider face and partial body. In addition, the mini-DAS contains sensors such as accelerometer, 
gyroscope, and GPS. To provide power, a removable battery was also designed that looks like a water bottle and 




Fig. 1. Naturalistic cycling data collection system 
Mini-DAS includes: 
 
x Forward view Camera 
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Fig. 2. Hawkeye Software as Data Visualization tool for Data Reduction 
3.2. Data visualization tool 
Hawkeye software was used as a data visualization tool that has the capability of integrating and presenting 
different data (i.e. video data from both angles as well as sensor data) simultaneously as shown in Fig. 2. On the left 
hand side, different variables are shown, and then video data from both angles are presented with their associated 
time stamps. To the right side of the videos selected variables are shown in diagrams (i.e. values against time 
stamps). The four diagrams in this figure illustrate acceleration along x axis, bicycle speed, latitude, and longitude. 
Finally, on the far right of the figure, different trips are listed. The software environment enables us to reduce data 
conveniently and extract additional variables that are useful for predicting violations (e.g. Time to Intersection 
(TTI)). 
3.3. Violation prediction models 
Initial collected variables such as bicycle speed and acceleration as well as newly extracted variables such as TTI 
can be used to develop violation prediction models. In order to prevent/mitigate intersection-related crashes, these 
violations need to be identified before they occur, so appropriate actions can be taken. Machine learning techniques 
such as Support Vector Machine (SVM) and Random Forest (RF) can be applied to develop such models. In our 
previous work [24], we developed red light running (RLR) violation models for passenger cars. Violation prediction 
models for bicycles can be constructed in a similar fashion and is an ongoing task. 
4. Intersection bicycle-car crash prediction system  
This paper focuses on the system architecture for developing cyclist violation prediction models using naturalistic 
data and discusses different system components in a connected environment as shown in Fig. 3. Vehicle to Vehicle 
(V2V) and Vehicle to Infrastructure (V2I) technology has been a highly active area of research. However, the focus 
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has been more on passenger cars and thus bicycle as an important transportation mode has been given less attention. 
Hence, in this paper, bicycles are incorporated into the connected environment. For bicycles, V2X is used which is 
an acronym referring to “vehicle to other” (i.e. pedestrian, bicycle, etc.). The data collection system that was 
discussed in previous sections is used to collect and extract required variables to develop violation prediction 
models. However, in practice the prediction model is already developed; in other words the model development is 
conducted using historical data and therefore the mini-DAS or OBE (on-board equipment) does not need to collect 
video data. In fact, video data are only required for model development and after the prediction model is 
constructed, bicycles and other transportation modes only need to send their sensor data (e.g. speed, acceleration, 
location) to the infrastructure as depicted in Fig. 3. The missing data such as TTI at yellow onset that was extracted 
using video data for model development is still needed as an input to the developed prediction model. Therefore, 
signal phase and timing, known as SPaT should be provided to obtain such missing data as shown in the figure. 
Violation prediction models for different modes of transport should be constantly monitoring individuals 
approaching the intersection. When a potential threat is predicted, different actions can be taken depending on the 
situation; in situations where the endangered driver (or rider) has sufficient time, a warning can be issued and sent 
from roadside equipment (RSE) to the driver (or rider) to respond. In cases where not enough time is available, the 
infrastructure can take appropriate actions by changing the signal control through the traffic light (e.g. providing all 
red clearance) as shown in Fig. 3. 
5. Conclusions and future work 
This paper presented the naturalistic cycling data collection system that can be used to develop bicycle violation 
prediction models. For model development, required data were extracted using naturalistic data collection. Further, 
Hawkeye software as a data visualization tool was employed for data reduction. Subsequently, the system 
architecture that embodied such violation models was demonstrated. It was shown how connected vehicle 
technology can be adopted for different parts to communicate amongst themselves. Communication between 
 
 
Fig. 3. Intersection bicycle-car crash prediction: System Architecture 
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different system entities was shown to have different purposes: (1) sending required variables for violation 
prediction models such as bicycle speed, acceleration, current location, and SPaT (2) sending warning to the 
drivers/riders in potential danger (3) sending a “control change” order to change the signal setting. Future work will 
focus on developing violation prediction models for cyclists. As mentioned earlier, we already developed violation 
prediction models for passenger cars. Therefore, to complement our previous work [24], we are applying machine 
learning techniques to develop cyclist violation prediction models. These models are currently under development 
and will be completed by the end of this year. 
Acknowledgements 
This research effort was funded by the Connected Vehicle Initiative UTC (CVI-UTC). 
References 
[1] The-University-of-North-Carolina-Highway-Safety-Research-Center. North Carolina Bicycle Crash Types 2005 - 2009. 2011; Available 
from: http://www.ncdot.gov/bikeped/download/summary_bike_types05-09.pdf. 
[2] Hunter, W.W., et al., Pedestrian and bicycle crash types of the early 1990's. 1996. 
[3] Tan, C., Crash-type manual for bicyclists. Publication No. FHWA-RD-96-104, 1996. 
[4] McLeod, K., D. Flusche, and A. Clarke, Where We Ride: Analysis of Bicycling in American Cities. 2013. 
[5] Phillips, R.O., et al., Reduction in car–bicycle conflict at a road–cycle path intersection: Evidence of road user adaptation? Transportation 
research part F: traffic psychology and behaviour, 2011. 14(2): p. 87-95. 
[6] Zhang, Y. and C. Wu, The effects of sunshields on red light running behavior of cyclists and electric bike riders. Accident Analysis & 
Prevention, 2013. 52: p. 210-218. 
[7] Räsänen, M., I. Koivisto, and H. Summala, Car driver and bicyclist behavior at bicycle crossings under different priority regulations. Journal 
of Safety Research, 1999. 30(1): p. 67-77. 
[8] Neale, V.L., et al., An overview of the 100-car naturalistic study and findings. National Highway Traffic Safety Administration, Paper, 
2005(05-0400). 
[9] Johnson, M., et al., Riding through red lights: The rate, characteristics and risk factors of non-compliant urban commuter cyclists. Accident 
Analysis & Prevention, 2011. 43(1): p. 323-328. 
[10] Wu, C., L. Yao, and K. Zhang, The red-light running behavior of electric bike riders and cyclists at urban intersections in China: an 
observational study. Accident Analysis & Prevention, 2012. 49: p. 186-192. 
[11] Johnson, M., J. Charlton, and J. Oxley. Cyclists and red lights—a study of the behaviour of commuter cyclist in Melbourne. in Australasian 
Road Safety Research, Policing and Education Conference, Adelaide. 2008. 
[12] Pai, C.-W. and R.-C. Jou, Cyclists’ red-light running behaviours: An examination of risk-taking, opportunistic, and law-obeying behaviours. 
Accident Analysis & Prevention, 2014. 62: p. 191-198. 
[13] Dingus, T.A., et al., The 100-car naturalistic driving study, Phase II-results of the 100-car field experiment. 2006. 
[14] Sayer, J., et al., Integrated vehicle-based safety systems field operational test final program report. 2011. 
[15] Benmimoun, M., et al. Safety Analysis Method for Assessing the Impacts of Advanced Driver Assistance Systems within the European 
Large Scale Field Test euroFOT. in 8th ITS European Congress, Lyon, France. 2011. 
[16] Dozza, M., J. Werneke, and A. Fernandez. Piloting the naturalistic methodology on bicycles. in Proceeding ot the st International Cycling 
Safety Conference, Helmond NL, Nov 7-8 2012. 2012. 
[17] Dozza, M. and A. Fernandez, Understanding Bicycle Dynamics and Cyclist Behavior From Naturalistic Field Data (November 2012). 2014. 
[18] Johnson, M., et al. Naturalistic cycling study: identifying risk factors for on-road commuter cyclists. in Annals of Advances in Automotive 
Medicine/Annual Scientific Conference. 2010. Association for the Advancement of Automotive Medicine. 
[19] Gustafsson, L. and J. Archer, A naturalistic study of commuter cyclists in the greater Stockholm area. Accident Analysis & Prevention, 
2013. 58: p. 286-298. 
[20] Schepers, J., et al., Road factors and bicycle–motor vehicle crashes at unsignalized priority intersections. Accident Analysis & Prevention, 
2011. 43(3): p. 853-861. 
[21] Martínez-Ruiz, V., et al., Risk factors for causing road crashes involving cyclists: An application of a quasi-induced exposure method. 
Accident Analysis & Prevention, 2013. 51: p. 228-237. 
[22] Lacherez, P., et al., Visibility-related characteristics of crashes involving bicyclists and motor vehicles–Responses from an online 
questionnaire study. Transportation research part F: traffic psychology and behaviour, 2013. 20: p. 52-58. 
[23] Johnson, M., et al., Why do cyclists infringe at red lights? An investigation of Australian cyclists’ reasons for red light infringement. 
Accident Analysis & Prevention, 2013. 50: p. 840-847. 
[24] Jahangiri, A., H. Rakha, and T.A. Dingus, Predicting Red-light Running Violations at Signalized Intersections Using Machine Learning 
Techniques. 2015. 
